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Abstract
Multivariate Time Series Forecasting (MTSF) aims to cap-
ture the dependencies among multiple variables and their
temporal dynamics to predict future values. In recent years,
Large Language Models (LLMs) have set a new paradigm
for MTSF, incorporating external knowledge into the mod-
eling process through textual prompts. However, we observe
that current LLM-based methods fail to exploit these priors
due to their coarse-grained representation of time series data,
which hinders effective alignment of the two modals. To ad-
dress this, we propose M3Time, a multi-modal, multi-scale,
and multi-frequency framework for multivariate time series
forecasting. It enhances the quality of time series representa-
tions and facilitates the integration of LLM semantic priors
with fine-grained temporal features. Additionally, M3Time
further improved training stability and model robustness with
an adaptive mixed loss function, which dynamically balances
L1 and L2 error terms. Experiment results on seven real-
world public datasets show that M3Time consistently out-
performs state-of-the-art methods, underscoring its effective-
ness.

Introduction
Time series forecasting has long been a widely studied
field, with broad applications such as traffic prediction (Liu
et al. 2024a), power load forecasting (Jalalifar, Delavar, and
Ghaderi 2024), and weather prediction (Wu et al. 2021; Bi
et al. 2023). Given its significant importance in the real
world, MTSF has gradually become a critical research fron-
tier.

Deep neural networks have revolutionized time series
forecasting in recent years, evolving from early recurrent
neural networks (RNNs), multi-layer perceptrons (MLPs),
convolutional neural networks (CNNs), Transformers, to hy-
brid architectures, and large pretrained models. Motivated
by the success of LLMs in natural language processing
(NLP), researchers have been exploring ways of utilizing
their semantic prior knowledge for time series forecasting
(Jin et al. 2023b). Current methods can be broadly catego-
rized into two groups: (1) Directly feeding or reprogram-
ming numerical sequences into LLMs for prediction (Zhou
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et al. 2023; Jin et al. 2023a; Jia et al. 2024; Gruver et al.
2023; Cao et al. 2023), which struggle to model complex
temporal dependencies due to the lack of structured repre-
sentations; (2) Incorporating textual prompts to guide side
models in understanding the task (Liu et al. 2025; Bumb
et al. 2025), which use the semantic representations of LLMs
to enhance the numerical representations of other base mod-
els for prediction.

Existing studies (Li et al. 2025; Liu et al. 2025; Jin et al.
2023a) have shown that when the base model is relatively
weak (Zeng et al. 2023; Nie et al. 2022; Zhou et al. 2021),
incorporating textual priors can yield performance improve-
ments, as the latter serves as an auxiliary to the former to
compensate for its limited capability. However, does such
improvement indicate that the weak models are truly capable
of bridging the modality gap and exploiting the semantics of
text?
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Figure 1: Our exploratory experiments. Fine-grained and
coarse-grained numerical representations from base models
are aligned with semantical representations from four types
of prompts to evaluate the extent to which weak and strong
base models can exploit textual prompts.

Through exploratory experiments, as illustrated in Fig-
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ure 1, we observe that for multi-modal architectures that
align numerical embeddings from the base models with
semantic embeddings from textual prompts, replacing the
original meaningful prompts with noisy interfering prompts
(such as masked, shuffled, or unrelated prompts) has mini-
mal adverse effect on their forecasting performance. In con-
trast, when the base models are much stronger, the forecast-
ing performance improves, and on top of that, this noise has
a much worse impact on the results. These findings suggest
that the performance improvement observed in weak models
does not stem from a deep understanding of textual seman-
tics, but rather from a superficial feature extraction. There-
fore, we argue that only when the base models are strong
and can generate high-quality, fine-grained numerical repre-
sentations can they effectively align with the semantic rep-
resentations of textual prompts, truly utilizing the semantic
priors embedded in LLMs.

Based on these insights, we design an end-to-end, LLM-
enhanced, multi-modal, multi-scale, multi-frequency, multi-
variate time series forecasting framework, called M3Time.
As illustrated in Figure 2, M3Time performs MTSF through
the Following core modules: (1) Cross-Variable Interaction
captures inter-variable dependencies through self-attention;
(2) Multi-Scale Temporal Enhancement performs trend-
season decomposition and multi-scale downsampling to en-
hance representations temporally; (3) Dynamic Convolution
Block performs period-driven 2D transformation, applies
2D convolution and aggregation, to capture fine-grained in-
ter and intra-period patterns, improving the quality of rep-
resentations; (4) Multi-Scale Recursive Aggregation recur-
sively aggregates trends and seasons across multiple scales
through cross-attention; (5) LLM Semantic Enhancement
uses descriptive prompt as prefix to generate semantic rep-
resentations, then fuse them into the fine-grained numeri-
cal representations via cross-attention, effectively enhancing
presentations through semantic guidance.

Additionally, M3Time stabilizes training by adopting an
Adaptive Mixed Loss, which dynamically balances itself
between L1 and L2 error. We conduct extensive experi-
ments on seven real-world datasets, and M3Time consis-
tently achieves state-of-the-art performance in time series
forecasting tasks. Our contributions are summarized as fol-
lows:

• Our experiments show that weak time series base models
mainly rely on superficial feature extraction when incor-
porating textual prompts, lacking the ability to under-
stand their semantics. Instead, only strong models that
generate fine-grained representations can effectively in-
terpret textual semantics and unlock the full potential of
LLMs.

• We propose M3Time, a LLM-enhanced, multi-modal,
multi-scale, and multi-frequency time series forecasting
framework that enables better prompt alignment through
fine-grained temporal modeling.

• We conduct extensive experiments to evaluate M3Time
on real-world datasets, showcasing its state-of-the-art
forecasting performance.

Related Work
Deep Forecasting Models Time series forecasting has
progressed from RNNs that model probabilistic dynamics
(Salinas et al. 2020; Shen, Li, and Kwok 2020), which
were limited by the Markov assumption (Hochreiter and
Schmidhuber 1997), to convolutional encoders that model
1D temporal dependencies (Franceschi, Dieuleveut, and
Jaggi 2019), or model 2D periodic patterns (Wu et al.
2022; Nematirad, Pahwa, and Natarajan 2025), or model
multi-resolution views and long horizons (Liu et al. 2022).
Additionally, minimalist MLP or linear baselines (Zeng
et al. 2023; Wang et al. 2024b) then showed that careful
trend-season decomposition plus simple scale-mixing can
match heavier architectures at a fraction of the compute.
Transformer variants now dominate: trend-season decom-
position with autocorrelation (Wu et al. 2021), frequency-
enhanced decomposition (Zhou et al. 2022), patchified
channel-independent tokenization for long contexts (Nie
et al. 2022), explicit cross-dimension attention (Zhang and
Yan 2023), and variate-as-token inversion to emphasize
inter-series structure (Liu et al. 2023). These innovations
collectively highlight the importance of (1) decomposing pe-
riodic/aperiodic structure, (2) re-indexing or reshaping se-
ries by patching or 2D views, and (3) decoupling tempo-
ral vs. variable modeling. Inspired by NLP/vision founda-
tion models, the time-series community now pre-trains large
Transformers on billions of real-world points to build uni-
versal numeric backbones. Decoder-only architectures (Das
et al. 2024; Rasul et al. 2023) deliver strong zero-shot fore-
casts, demonstrating the effectiveness of autoregressive pre-
training. On the other hand, encoder-only architectures, with
various designs including learnable task tokens (Challu et al.
2023), any-variate masked attention (Woo et al. 2024), and
more (Goswami et al. 2024), unify forecasting, imputation,
anomaly detection, and classification across heterogeneous
domains.

LLM-Enhanced Forecasting Beyond numeric-only pre-
training, researchers increasingly tap the broad sequence pri-
ors of LLM by aligning time series data with token-based
text. Simply encoding numbers as character strings (Gru-
ver et al. 2023) can unlock surprising zero-shot extrapola-
tion in off-the-shelf LLMs, and quantization-to-vocabulary
(Ansari et al. 2024) enables probabilistic decoding and rapid
transfer at scale. Some approaches adapt pretrained decoders
to time-series inputs with minimal parameter updates: a
lightly tuned GPT-2 can model channel-structured patches
for downstream tasks (Zhou et al. 2023) or be modality-
aligned via learned textual prototypes and prompt-as-prefix
conditioning (Jin et al. 2023a). Prompt- and in-context
methods push further by projecting numeric histories into
an LLM embedding space and autoregressively generating
multi-step forecasts (Liu et al. 2024b) or by patch-based
structured prompts that incorporate decomposition, neigh-
bor retrieval, and instruction cues for zero-shot use (Nie
et al. 2022). Recent cross-modality alignment frameworks
couple dedicated numeric encoders with language-derived
semantic embeddings to reduce modality gaps (Liu et al.
2025), and multi-modal prompting pipelines extend this
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Figure 2: Overview of M3Time.

idea to paired numerical–text corpora (Jia et al. 2024). To-
gether, these studies indicate that, when properly aligned,
LLMs can contribute domain-agnostic reasoning and com-
positional priors that classical numeric models lack, point-
ing towards a new generation of semantics-aware time-series
forecasters.

Method
Cross-Variable Interaction
To effectively capture inter-variable dependencies, we intro-
duce a Cross-Variable Interaction module. Given a multi-
variate time series input sequence XT ∈ RN×T , first, we
project the input time series sequence into a latent space by
linear transformation:

H0 = Linear (XT ), (1)

where H0 ∈ RN×D and D denotes the temporal embed-
ding dimension. Then, we regard each variable as a token
and feed all N tokens into a Transformer Encoder to obtain
variable embeddings:

E0 = TransformerEncoder (H0). (2)

Multi-Scale Temporal Enhancement
To capture temporal features of multiple time scales, we de-
sign a Multi-Scale Temporal Enhancement module.

Trend-Season Decomposition Real-world time series of-
ten exhibit distinct trends and seasonal patterns, which dif-
fer in their temporal scales and variation behaviors. There-
fore, following previous works (Zeng et al. 2023; Zhou et al.
2022; Wang et al. 2023), instead of modeling the raw data
directly, we decompose the variable embeddings E0 into a
seasonal component S(0) and a trend component T(0):

T(0) = AvgPool1D (E0, stride=1),

S(0) = E0 −T(0),
(3)

where T(0),S(0) ∈ RN×D.

Multi-Scale Downsampling We downsample the trend
and season component along the temporal dimension into M
scales of granularity in an exponentially decreasing fashion.
Concretely, starting from the original scale T(0) and S(0),
two adjacent data points are recursively averaged to obtain
their next scales:

T(m) = AvgPool1D (T(m−1), stride=2),

S(m) = AvgPool1D (S(m−1), stride=2),
(4)

where m ∈ {1, . . . ,M} , T(m),S(m) ∈ RN×Dm ,
and Dm = ⌊ D

2m ⌋. This process yields a set of trends
T = {T(0), . . . ,T(M)} and a set of seasons S =
{S(0), . . . ,S(M)}, each containing M + 1 scales of gran-
ularity. As m increases, the representation becomes more
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Figure 3: Dynamic Convolution Block.

global. By aggregating information across multiple scales,
the model can simultaneously capture both global trends and
fine-grained temporal patterns, thereby enhancing its long-
term forecasting ability.

Dynamic Convolution Block
The majority of M3Time consists of several Dynamic Con-
volution Blocks, as illustrated in Figure 3. We design this
module to effectively capture inter- and intra-period patterns
of multi-scale trends and seasons (Wu et al. 2022). Block in-
dex was omitted in this section for simplicity and clarity.

Period-Driven 2D Transformation We identify domi-
nant periods of each component and reshape them for 2D
convolution, thereby capturing both inter- and intra-period
patterns. Specifically, for each 1D component I1D ∈ T ∪S =
{T(0), . . . ,T(m),S(0), . . .S(m)}, we first compute its aver-
age along variable dimension as Ī1D ∈ RDm . Then, we ap-
ply Fast Fourier Transform (FFT) to extract its dominant fre-
quencies with top K amplitudes:

F ,A = FFT (Ī1D), (5)

where F = {f1, . . . , fK},A = {a1, . . . , aK} denotes de-
notes the amplitudes and their corresponding frequencies re-
spectively. The corresponding periods are then computed as:

pk = ⌊Dm

fk
⌋, (6)

where k ∈ {1, . . . ,K}. Finally, each I1D is padded and re-
shaped into K 2D components driven by its dominant peri-
ods:

I
′(k)
1D = Pad (I1D, pk),

I
(k)
2D = Reshape (I

′(k)
1D , pk),

(7)

where I
′(k)
1D ∈ RN×D(k)

m , I
(k)
2D ∈ RN×D

(k)
m
pk

×pk , and D
(k)
m =

⌈Dm

pk
⌉ · pk.

Convolution and Aggregation For each 1D component
I1D ∈ T ∪S, we generate K corresponding 2D components
{I(1)2D , . . . , I

(K)
2D }, resulting in a total of 2(M + 1) ·K repre-

sentations. We then apply a shared 2D concolution backbone
to each representation, to extract rich temporal features:

Î
(k)
2D = Conv2D(I

(k)
2D ). (8)

We adopt the Inception Block as the backbone due to its
efficiency and effectiveness. It employs convolution kernels
of varying sizes in parallel, which enables it to capture multi-
scale features simultaneously with varying receptive fields.
Next, each 2D representation is reshaped and unpadded back
to its 1D form:

Î
′(k)
1D = Reshape (Î

(k)
2D , pk),

Î
(k)
1D = Unpad (Î

′(k)
1D , pk),

(9)

where Î
′(k)
1D ∈ RN×D(k)

m , Î
(k)
1D ∈ RN×Dm . Finally, we fuse

all K 1D representations that derive from one 1D compo-
nent into a single 1D representation via amplitude-softmax-
weighted average:

{w1, . . . , wK} = Softmax({a1, . . . , aK}),

Î1D =
K∑

k=1

wk · Î(k)1D ,
(10)

where Î1D ∈ RN×Dm . The final outputs are the transformed
multi-scale trends T̂ = {T̂(0), . . . , T̂(M)} and seasons Ŝ =

{Ŝ(0), . . . , Ŝ(M)}.

Multi-Scale Recursive Aggregation
To aggregate the multi-scale representation of trends Ŝ and
seasons T̂ , we design a Multi-Scale Recursive Aggregation
module that utilizes cross-attention to fuse representations
recursively. Concretely, starting with the most global-scale
representations E

(M)
T = T̂(M) and E

(M)
S = Ŝ(M), we

recursively fuse them into their previous scales via cross-
attention:

E
(m)
T = T̂(m) + MHCA (T̂(m),E

(m+1)
T ,E

(m+1)
T ),

E
(m)
S = Ŝ(m) + MHCA (Ŝ(m),E

(m+1)
S ,E

(m+1)
S ),

(11)

where m ∈ {0, . . . ,M − 1}, and E
(m)
T ,E

(m)
S ∈ RN×Dm .

MHCA (·) denotes Multi-Head-Cross-Attention module,
whose query matrix Q, key matrix K, and value matrix V
are computed from its three arguments respectively. With
this module, lower-resolution features are recursively fused
into higher-resolution representations attentively, capturing
both global and local patterns. Finally, the aggregated multi-
scale representation of trend E

(0)
T and season E

(0)
S are added

to obtain temporally enhanced fine-grained variable embed-
dings:

E1 = E
(0)
T +E

(0)
S , (12)

where E1 ∈ RN×D.
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LLM Semantic Enhancement
Pretrained LLMs, such as the GPT series (Radford et al.
2018; Achiam et al. 2023), possess powerful language un-
derstanding capabilities and can generate highly compressed
semantic representations, which we leverage to enhance the
fine-grained variable embeddings E1.

Descriptive Prompt as Prefix In this study, we construct
textual prompts based on task description and input statis-
tics, as illustrated in Figure 2, and extract semantic embed-
dings with a frozen GPT-2 (Radford et al. 2019). Concretely,
we first construct prompt Pi for all variables, then tokenize
them:

H1 = Tokenizer ({P1, . . . ,PN}), (13)
where H1 ∈ RN×G, and G denotes the number of tokens.
Next, we feed the output into the frozen GPT-2 encoder to
obtain semantic embeddings:

H2 = GPT-2 (H1), (14)

where H2 ∈ RN×G×L, and L denotes GPT-2’s embedding
size. Finally, we average H2 along token dimension to ob-
tain the semantic variable embeddings E2 ∈ RN×L.

Cross-Modal Fusion In order to leverage the semantic
variable embeddings E2, we fuse it with the temporal vari-
able embeddings E1 via cross-attention, effectively enhanc-
ing the fine-grained representations with LLM. Specifically,
we first permute E1 and E2 to E′

1 ∈ RD×N and E′
2 ∈

RL×N , regarding them as D and L tokens respectively.
Then, we apply a MHCA (·) to align the two modalities:

E′
3 = E′

1 + MHCA (E′
1,E

′
2,E

′
2), (15)

where E′
3 ∈ RD×N . Finally, the output is permuted back to

E3 ∈ RN×D, which is the LLM-enhanced variable embed-
dings.

Output Projection
The enhanced variable embeddings E3 encodes rich tempo-
ral and semantic information, thus we introduce it as a resid-
ual term to the original variable embeddings E0 to generate
the final variable embeddings:

E4 = E0 +E3. (16)

Finally, we project E4 to forecasting results by linear trans-
formation:

Ŷ = Linear (E4), (17)

where Ŷ ∈ RN×F denotes the predicted values of all vari-
ables over the next F time steps.

Adaptive Mixed Loss To enhance the robustness and gen-
eralization of the model under varying error distributions,
we introduce an Adaptive Mixed Loss. It dynamically ad-
justs the weights between L1 and L2 branches based on the
magnitude of prediction errors:

L = Avg (α⊙ |Ŷ −Y|+ (1− α)⊙ ||Ŷ −Y||2),
α = Sigmoid (γ · |Ŷ −Y|),

(18)

where γ is a learnable parameter , and ⊙ denotes element-
wise multiplication. This approach makes the loss more ro-
bust to outliers, resulting in more stable training.

Experiments
Baselines and Datasets
To evaluate the effectiveness of M3Time, we conduct ex-
tensive experiments of different tasks on seven public real-
world datasets across varying domains: ETTh1, ETTh2,
ETTm1, ETTm2 (Zhou et al. 2021), Weather (Rasp et al.
2020), ECL (Gasparin, Lukovic, and Alippi 2019), and Traf-
fic (Jiang et al. 2021), covering diverse sampling frequen-
cies, number of variables, and temporal patterns. We com-
pare M3Time with 10 strong baselines, including TimeCMA
(Liu et al. 2025), Time-LLM (Jin et al. 2023a), Timer-
Mixer++ (Wang et al. 2024a), TimerMixer (Wang et al.
2024b), PatchTST (Nie et al. 2022), FEDformer (Zhou et al.
2022), TiDE (Das et al. 2023b), TimesNet (Wu et al. 2022),
DLinear (Zeng et al. 2023), and more.

Main Results
Long-term Forecasting In long-term forecasting tasks,
models need to capture and predict time series trends over
extended horizons, which is critically important for appli-
cations such as weather forecasting, traffic planning, and
energy management. To thoroughly evaluate the model’s
long-term forecasting performance across various domains,
we conduct experiments on seven representative real-world
datasets: ETTh1, ETTh2, ETTm1, ETTm2, Weather, ECL,
and Traffic. Table 1 demonstrates that M3Time consis-
tently outperforms other models in long-term forecasting
task. Compared with large language model–based base-
lines, M3Time also demonstrates clear advantages. Against
TimeCMA and Time-LLM, M3Time consistently delivers
better performance across all datasets. In addition, com-
pared with the second-best model TimeMixer++, M3Time
achieves significant improvements on all four ETT datasets,
with an average reduction of 4.6% in MSE and 2.4% in
MAE. Additionally, on the ECL dataset, M3Time reduces
MSE by over 3%, and on the Traffic dataset, it achieves
a 3.6% improvement in MSE. These results highlight the
domain-agnostic effectiveness of M3Time in long-term fore-
casting task.

Few-shot Forecasting In real-world applications, time se-
ries forecasting models often face the challenge of limited
training data. To evaluate the models’ transferability and
adaptability under few-shot conditions, we conduct exper-
iments on six diverse datasets, using only 10% of each
dataset. This experimental setup is designed to test the mod-
els’ adaptability to sparse data and their ability to capture
generalizable patterns, highlighting their practical value in
real-world scenarios with data scarcity. Table 2 shows that
among all competing methods, M3Time achieves the best
performance on five datasets. Compared to the second-best
model TimeMixer++, M3Time reduces the average MSE by
5.1% and MAE by 3.7%.

Zero-shot Forecasting To evaluate the model’s general-
ization capability, we train the model on a source dataset,
then test it directly on an unseen target dataset without any
additional fine-tuning. This cross-domain general setup as-
sesses the model’s adaptability and predictive robustness
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Methods M3Time TimeCMA TimeLLM TimeMixer++ TimeMixer iTransformer PatchTST TimesNet DLinear FEDformer Autoformer

Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

ETTh1 0.398 0.417 0.423 0.431 0.448 0.443 0.419 0.432 0.447 0.440 0.454 0.447 0.516 0.484 0.458 0.450 0.461 0.457 0.498 0.484 0.496 0.487

ETTh2 0.329 0.376 0.372 0.397 0.381 0.404 0.339 0.380 0.364 0.395 0.383 0.407 0.391 0.411 0.414 0.427 0.563 0.519 0.437 0.449 0.450 0.459

ETTm1 0.352 0.372 0.380 0.392 0.410 0.409 0.369 0.378 0.381 0.395 0.407 0.410 0.406 0.407 0.400 0.406 0.404 0.408 0.448 0.452 0.588 0.517

ETTm2 0.254 0.309 0.275 0.323 0.296 0.340 0.269 0.320 0.275 0.323 0.288 0.332 0.290 0.334 0.291 0.333 0.354 0.402 0.305 0.349 0.327 0.371

Weather 0.227 0.260 0.250 0.276 0.275 0.291 0.226 0.262 0.240 0.271 0.258 0.278 0.265 0.285 0.259 0.287 0.265 0.315 0.309 0.360 0.338 0.382

ECL 0.160 0.254 0.174 0.269 0.195 0.288 0.165 0.253 0.182 0.272 0.178 0.270 0.216 0.318 0.192 0.304 0.225 0.319 0.214 0.327 0.227 0.338

Traffic 0.401 0.266 – – 0.415 0.279 0.416 0.264 0.484 0.297 0.428 0.282 0.529 0.341 0.667 0.426 0.625 0.383 0.610 0.376 0.628 0.379

Table 1: Long-term forecasting results. All results are averaged from four different forecasting horizons: {96, 192, 336, 720}.
A lower value indicates better performance. Our full results are in Appendix.

Methods M3Time TimeMixer++ TimeMixer iTransformer TiDE Crossformer DLinear PatchTST TimesNet FEDformer Autoformer

Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

ETTh1 0.468 0.471 0.517 0.512 0.613 0.520 0.510 0.597 0.589 0.535 0.645 0.558 0.691 0.600 0.633 0.542 0.869 0.628 0.639 0.561 0.702 0.596

ETTh2 0.360 0.402 0.379 0.391 0.402 0.433 0.455 0.461 0.395 0.412 0.645 0.447 0.605 0.538 0.415 0.431 0.479 0.465 0.466 0.475 0.488 0.499

ETTm1 0.366 0.384 0.398 0.431 0.487 0.461 0.491 0.516 0.425 0.458 0.462 0.489 0.411 0.429 0.501 0.466 0.677 0.537 0.722 0.605 0.802 0.628

ETTm2 0.258 0.315 0.291 0.351 0.311 0.367 0.375 0.412 0.317 0.371 0.343 0.389 0.316 0.368 0.296 0.343 0.320 0.353 0.463 0.488 1.342 0.930

Weather 0.236 0.271 0.241 0.271 0.242 0.281 0.291 0.331 0.249 0.291 0.267 0.306 0.241 0.283 0.324 0.279 0.279 0.301 0.284 0.324 0.300 0.342

ECL 0.200 0.300 0.168 0.271 0.187 0.277 0.241 0.337 0.196 0.289 0.214 0.308 0.180 0.280 0.180 0.273 0.323 0.392 0.346 0.427 0.431 0.478

Table 2: Few-shot learning on 10% training data. All results are averaged from four different forecasting horizons: H ∈
{96, 192, 336, 720}.

when facing different data distributions and feature patterns.
Table 3 reports the zero-shot prediction results under four
cross-domain zero-shot forecasting settings, demonstrating
the advantage of M3Time in zero-shot generalization. No-
tably, compared with the strong baseline TimeMixer++,
M3Time achieves a reduction of 4.7% in MSE and 3.4%
in MAE. In addition, relative to iTransformer, M3Time re-
duces MSE by 20.7% and MAE by 15.9%. These results
demonstrate the robustness and strong generalization capa-
bility, underscoring its potential for real-world applications.

Ablation Studies
Model Design We conduct ablation studies on four ETT
series datasets with prediction length set to 720, to eval-
uate the effectiveness of each component of M3Time. As
shown in Table 4, the complete M3Time, with all compo-
nents included, achieves the best result with an average MSE
of 0.395. Specifically, removing the Cross-Variable Interac-
tion module results in a 2.71% increase in MSE, indicating
its critical role in capturing inter-variable dependencies; ex-
cluding the Trend-Seasonal Decomposition module yields
a 3.89% improvement, confirming the importance of disen-
tangling trend and season for time series modeling; remov-
ing the Dynamic Convolution Block leads to a 4.13% im-
provement, highlighting its contribution to extracting fine-
grained representations; finally, eliminating the LLM Se-
mantic Enhancement module renders a 3.42% increase in
MSE, demonstrating its effectiveness in incorporating se-
mantic priors to improve numerical forecasting.

Task description: forecast the next < > steps given the 
previous < > steps information; Input statistics: min value 
<min>, max value <max>, median value <median>.the 
trend of the input is <upward / downward>, top five lags are 
<lags>. 

F
T

MSE

[TASK] forecast: <F>; input <T>; [STATS] min:<min>; 
max: <max>; median: <median>; [TREND] <upward / 
downward>; [LAGS] the top five lags: <lags>.

min=<min>; max=<max>; median=<median>; 
trend=<upward / downward>; top lags=<lags>.

[TASK] forecast: <F>; input <T>;  
[Min Value]: <min>; [Max Value]: <max>; [Median 
Value]: <median>; [Trend Direction]: <increasing / 
decreasing>; [LAG Features]: <lags>.

Prompt Design
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Figure 4: Four prompt design choices and their correspond-
ing forecasting results. <> denotes task-specific parameters
or calculated input statistics.

Prompt Design To gain insight into the form of textual
prompts that can effectively guide forecasting, we design
four semantically similar but structurally different prompts
and evaluate their corresponding forecasting MSE on the
ETTh1 dataset with prediction length set to 720. As shown
in Figure 4, the first prompt presents input statistics as sim-
ple key-value pairs; the second adopts a narrative format;
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Methods M3Time TimeMixer++ TimeMixer LLMTime DLinear PatchTST TimesNet iTransformer Fedformer Autoformer

Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

ETTh1→ ETTh2 0.322 0.372 0.367 0.391 0.427 0.424 0.992 0.708 0.493 0.488 0.380 0.405 0.421 0.431 0.481 0.474 0.712 0.693 0.634 0.651

ETTh2 → ETTh1 0.489 0.484 0.511 0.498 0.679 0.577 1.961 0.981 0.703 0.574 0.565 0.513 0.865 0.621 0.552 0.511 0.612 0.624 0.599 0.571

ETTm1 → ETTm2 0.270 0.322 0.291 0.331 0.329 0.357 1.867 0.869 0.335 0.389 0.296 0.334 0.322 0.354 0.324 0.331 0.612 0.611 0.603 0.592

ETTm2 → ETTm1 0.438 0.435 0.427 0.448 0.554 0.478 1.933 0.984 0.649 0.537 0.568 0.492 0.769 0.567 0.559 0.491 0.577 0.601 0.594 0.597

Table 3: Zero-shot learning results. All results are averaged from four different forecasting horizons: H ∈ {96, 192, 336, 720}.

ETTh1 ETTh2 ETTm1 ETTm2 Average

M3Time 0.423 0.387 0.418 0.353 0.395
w/o Cross-Variable Interaction 0.444 0.392 0.423 0.363 0.406
w/o Trend-Seasonal Decomposition 0.438 0.408 0.433 0.365 0.411
w/o Dynamic Convolution Block 0.446 0.397 0.434 0.372 0.412
w/o LLM Semantic Enhancement 0.431 0.395 0.421 0.390 0.409

Table 4: MSE for long-term forecasting across 4 bench-
marks, evaluated with different model components. Only re-
sults for the prediction length of 720 are reported in the ta-
ble.

the third adopts a semi-structured slot style with bracketed
tags for each field; the fourth further formalizes the struc-
ture by organizing fields under explicit headers. Despite be-
ing semantically equivalent, their corresponding forecasting
performance decreases monotonically from the first to the
fourth. We attribute this trend to the increasing structural
clarity and tokenization consistency offered by more canoni-
cal schemas. In particular, the headered format provides sta-
ble anchor points for cross-modal alignment, enabling more
effective integration of semantic and numerical information.
In contrast, the key-value and narrative forms introduce lin-
guistic variability and ambiguous token boundaries, which
can hinder alignment and reduce the utility of textual priors
in numerical prediction.
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Figure 5: Visualization of a sample sequence from ETTh1
after being decomposed, downsampled, then 2D trans-
formed.

Visual Analytics As shown in Figure 5, the trend and sea-
son components exhibit distinct periodicity across scales.
Specifically, as the resolution decreases, the energy distri-

Figure 6: Comparison of the cosine similarity heatmaps of
variable embeddings before and after Cross-Modal Fusion.

bution of the trend component progressively concentrates
in lower-frequency regions. In contrast, the energy dis-
tribution of the season component shifts toward higher-
frequency regions as the resolution increases. In other
words, it demonstrates that M3Time can simultaneously
capture scale-dependent trends and seasonal patterns effec-
tively. As shown in Figure 6, the similarity matrix before
Cross-Modal Fusion exhibits moderate correlations. How-
ever, after Cross-Modal Fusion, certain off-diagonal sim-
ilarities are significantly reduced, resulting in a sparser
and more structured similarity matrix. This indicates that
M3Time can selectively strength or weaken representations
through the guidance of textual prompts, thus retain useful
features or suppress useless noise, which improves the over-
all forecasting performance.

Conclusion

In this study, we revisit the role of textual priors in MTSF
and argue that only strong base models that extract fine-
grained numerical representations can genuinely benefit
from LLM semantics. Building on these insights, we present
M3Time, a LLM-enhanced, multi-modal, multi-scale, and
multi-frequency framework for multivariate time series fore-
casting. Furthermore, we conduct extensive experiments on
seven real-world datasets, showcasing M3Time’s state-of-
the-art long-term forecasting performance, few-shot trans-
ferability, and zero-shot generalization capability. We also
conduct thorough ablation studies to verify the effectiveness
of all modules and gain insights into the underlying mecha-
nisms.
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